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The wide relevance of peptide adsorption in natural and synthetic contexts means it has attracted 
much attention. Molecular Dynamics (MD) simulation has been widely used in these endeavors. 
Much of this has focused on single peptides due to the computational effort required to capture 
the rare events that characterize their adsorption. This focus is, however, of limited practical 
relevance as in reality most systems of interest operate in the non-dilute regime where peptides 
will interact with other adsorbed peptides. As an alternative to MD simulation, we have used 
Energy Landscape Mapping (ELM) to investigate two met-enkephalin molecules adsorbed at a 
gas/graphite interface. Major conformations of the adsorbed peptides and the connecting 
transition states are elucidated along with the associated energy barriers and rates of exchange. 
The last of these makes clear that MD simulations are currently of limited use in probing the co-
adsorption of two peptides, let alone more. The constant volume heat capacity as a function of 
temperature is also presented. Overall, this study represents a significant step towards 
characterizing peptide adsorption beyond the dilute limit. 
1 INTRODUCTION 
Applications of peptide adsorption are widespread, including the formation, functionalization 
and impact of nanoparticles,1-6 biosensing,7-9 and biomedicine.10-15 Biomolecular adsorption is 
also of relevance to processes that occur in nature, and polypeptide segments of biomolecules are 
frequently used to study these processes, which include bodily reactions to foreign entities,16-17 
cell adhesion,18 and the fibrillation of the amyloid-beta protein that is thought to have a role in 
Alzheimer’s disease.19-21 This wide prevalence of peptide adsorption means it has attracted much 
study, both computational and experimental.22-25 Computational studies of peptide adsorption 
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have yielded a significant degree of insight into the conformations formed by adsorbed peptides, 
and the key characteristics of adsorption processes.22-26 However, many such studies simulate 
only the adsorption of a single molecule, and adsorption studies that incorporate multiple 
peptides are typically limited to determining the adsorbed conformations on a short 
timescale.20,27 Since, in reality, peptide adsorption processes often involve multiple molecules 
adsorbing together, it is desirable to gain a deeper understanding of such systems. 
Since processes involving adsorbed peptides typically occur over long time periods,28-29 
required computational effort is a limiting factor in computational simulation of such 
processes.22,24 As the computational effort typically scales in a nonlinear way with the number of 
degrees of freedom,30 this factor becomes even more of an issue as the number of peptides 
increases. Coarse-graining models offer one way of addressing this issue,23 but much 
development and validation work still remains to be done before such models can be used to 
model peptide adsorption with confidence.25 
Energy landscape mapping (ELM) provides an alternative approach for computational study of 
atomic and molecular processes that is suited to probing the long timescales and rare events that 
typically characterize peptide adsorption.31-34 Although the exact details of its implementation 
vary, ELM may be generally defined as the use of mathematical algorithms to locate minima and 
saddle points on the potential energy surface (PES). A minimum corresponds to a stable 
conformation, while a first-order saddle point with steepest-descent paths leading to two minima 
represents a transition state between these minima. Constructing large-scale connected databases 
of these minima and saddle points can yield information about the underlying potential energy 
and free energy surfaces, and detailed path information and rates can be obtained through 
discrete path sampling (DPS).35 In recent work, the authors have demonstrated the applicability 
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of ELM to a single adsorbed peptide.28,36 Here we demonstrate its application to two met-
enkephalin peptides at a gas/graphite interface. The models, methodologies and study details are 
outlined in the following section. Results are then presented and discussed, followed by the key 
conclusions and an outline of future areas of study. 
2 METHODOLOGY 
2.1 MODEL 
In a previous study,36 the authors investigated a single met-enkephalin molecule above a flat, 
infinite graphite surface. This model is extended here to two met-enkephalin molecules (Tyr-
Gly-Gly-Phe-Met), modeled using the CHARMM36m force field.37 However, unlike the 
previous study in which the uncharged form was investigated due to its greater flexibility and 
thus interest, here the molecules were represented in the zwitterionic form (i.e. NH3+ and COO– 
at the N- and C-termini, respectively), since it was presumed that the interactions of the charged 
termini would result in a more definite coupling of the peptides. A similar study on the 
uncharged form will be considered in future work. The CHARMM force field was not 
symmetrized, which may lead to a rougher PES/FES compared to the more correct symmetrized 
force field and some invalid stationary points corresponding to permutational isomers of the 
zwitterionic C-terminal residue;38 this was considered in the analyses of the PES and FES 
undertaken here. 
Graphite was represented as two graphene layers, since it has been previously observed that 
layers beyond the first two have negligible interaction with adsorbing molecules.39 The Steele 
potential was used to model interactions between the peptide atoms and the surface. This 
potential is given by the following equation:40 
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where l = 0, …, L – 1 is a counter over the layers of solid atoms in the surface up to the 
maximum, L, ρ the density of atoms in each of the layers, Δ the distance between the layers, zj 
the distance from the surface of peptide atom j, and εsj and σsj the Lennard-Jones energy and 
length parameters, respectively. The Lennard-Jones parameters were calculated from the 
corresponding parameters for the surface, εs and σs, and the atom, εj and σj, using the Lorentz-
Berthelot rules. The surface parameters are summarized in Table 1.  
Table 1. Steele model parameters for graphite. 
parameter value reference 
L 2 a 
εs 0.05564 kcal/mol b 
σs 3.40 Å b 
ρ 0.3807 atoms/Å2 c 
Δ 3.3555 Å c 
a Ref. 39 
b Ref. 40 
c Derived from literature bond length and unit cell height data.41 
2.2 METHODS 
The ELM procedure applied here is similar to that used in the authors’ previous study.36 
Firstly, a basin-hopping procedure with simulated annealing (SA-BH) was used to build an 
extensive database of local potential energy (PE) minima. Basin-hopping consists of a Monte 
Carlo simulation on a transformed PES, where every point is mapped to the locally minimized 
PE. This has the effect of eliminating the difficulties posed by PE barriers that are excessively 
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high compared to the neighboring minima.42 Starting from a given structure, a random 
perturbation is applied followed by local PE minimization, and the Metropolis criterion is then 
applied to accept or reject the step. This procedure is repeated for a specified number of steps. 
The simulated annealing portion of the methodology involves gradually reducing the temperature 
used in application of the Metropolis criterion, allowing the algorithm to seek out lower-lying 
minima. In this study, the steps were taken by randomly perturbing the backbone dihedral angles 
of the met-enkephalin molecules up to a maximum step size, and minimization was carried out 
using the limited-memory Broyden–Fletcher–Goldfarb–Shanno (LBFGS) algorithm.43 A large 
number of SA-BH simulations were run independently in parallel, in order to quickly locate a 
large number of local minima and allow for the possibility that some simulations may converge 
to a region of the PES that does not contain the global minimum, which is a noted disadvantage 
of simulated annealing.42 Each simulation was initialized with a random structure and high 
starting step size for perturbations, ensuring effective randomization of the results. 
Given the database of local minima obtained by SA-BH simulations, transition state searches 
were then applied to find saddle points connecting these minima, as well as additional minima 
that had not initially been found using SA-BH. Single-ended transition state searches were first 
used to probe the neighborhood of all known minima. In every such search, starting from a 
selected minimum, a small perturbation is applied, eigenvector following44 is used to locate a 
nearby saddle point, and the two minima adjoining this saddle point are located using the LBFGS 
algorithm. All newly found stationary points and their connectivity are recorded in the database. 
When each known minimum had been used to seed a single-ended search a specified number 
of times, with additional searches conducted using low-lying minima within 5 kcal/mol of the 
global minimum, DPS35 techniques were then employed to continue searching for overlooked 
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saddle points. Disconnectivity analysis45 was used to identify minima within 5 kcal/mol of the 
global minimum that were separated by barriers of more than 10 kcal/mol, or disconnected from 
the global minimum entirely. DPS was then applied to all minima thus identified. For minima 
disconnected from the global minimum, an approach based on Dijkstra’s shortest-path 
algorithm46 was used to search for connecting saddle points in order to establish a connected 
pathway of saddle points and minima.47 For pairs of low-lying minima connected to the global 
minimum but separated by a high PE barrier, a separate approach also based on Dijkstra’s 
algorithm was used to determine the fastest transition path between the two endpoints,48 and 
double-ended transition state searches were applied between pairs of minima on this path, 
selected in order of increasing Euclidean separation.49 A double-ended transition state search 
involves the use of the doubly nudged elastic band (DNEB) method50 to identify saddle point 
candidates between the two endpoints, eigenvector following to precisely locate these saddle 
points, and the LBFGS algorithm to identify the connecting minima. 
When attempts had been made to connect all low-lying minima in this way, significant well-
defined structures were identified using disconnectivity analysis, and DPS was applied to refine 
the minimum energy pathway (MEP) between each pair of such structures. The MEP was 
calculated at each stage using the KSHORTESTPATHS algorithm,51 with rate constants 
estimated using harmonic densities of states.32,52 New saddle points and minima were found 
using the DPS procedure as previously stated, and also by applying the UNTRAP algorithm,53 
which attempts to connect the endpoint structures with other minima near in configurational 
space but separated by high barriers. When both of these algorithms were unable to improve the 
MEP any further, the stationary point database was considered to be complete. 
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To complement the PES computed directly from the database of PE stationary points, these 
stationary points were also used to derive the free energy (FE) stationary points, and thereby the 
free energy surface (FES), at specific temperatures. For each temperature, rate constants between 
PE minima connected by a saddle point were calculated using occupational probabilities derived 
from harmonic densities of states.32,52 PE minima connected by rate constants above 109 s-1 were 
combined to form new FE minima, and harmonic densities of states were then used to re-
calculate energies for these minima and associated transition states.54 This was done at 300 K 
and 350 K in order to illustrate how the nature of the FES varies with temperature. The harmonic 
approximation for densities of states was also used to calculate the constant volume heat capacity 
curve, as a summation over every PE minimum.55 
This procedure was implemented using the software of Wales and co-workers, which is freely 
available on their website.56 This software was interfaced with the CHARMM program for PE 
calculations,57 which was modified to include the Steele potential. Molecular structure images 
used in this publication were generated using Visual Molecular Dynamics.58 
2.3 STUDY DETAILS 
A total of 100 SA-BH simulations were conducted, each of 200,000 steps. A temperature of 
kBT = 5.0 kcal/mol was used for the first step, and this was decremented by 2 × 10–3 % after each 
step. The maximum step size for each dihedral angle was initially set to 360°, simulating 
complete randomization of the secondary structure. This was adjusted within the range of (0, 
360°] every 50 steps, being increased by 5% if the Metropolis acceptance ratio for the preceding 
50 steps was greater than 0.5, and decreased by 5% otherwise. Starting points for single-ended 
transition state searches were produced by applying random deviations of up to 0.01 Å in each 
Cartesian coordinate from the local PE minima. The DNEB method was applied with 10 images 
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and a maximum of 300 iterations. All applications of the LBFGS algorithm used a memory of 
the last 4 iterations, a maximum step size of 0.4 Å, initial guesses for the diagonals of the 
Hessian matrix of 0.1 kcal2/mol2Å2, and a convergence criterion of the RMS gradient not 
exceeding 10−7 kcal/molÅ. 50 single-ended transition state searches were attempted from each 
local minimum within 5 kcal/mol of the global minimum, and 5 searches were attempted from 
each local minimum above this threshold. 
3 RESULTS AND DISCUSSION 
3.1 ELM RESULTS AND VALIDITY 
ELM was successful in locating a total of 1,223,837 minima and 1,116,410 saddle points. 
These numbers compare favorably with studies of comparable size and complexity,28,36,59-62 
which typically report total numbers of stationary points in the order of 104 to 106.  This database 
of stationary points will not be exhaustive owing to the complexity of the system: complete 
mapping of even a single adsorbed molecule has been noted as impractical,63 and the presence of 
a second molecule with additional degrees of freedom further exacerbates this, since the number 
of stationary points scales exponentially with the number of degrees of freedom.32 However, 
based on our previous study where we obtained good agreement between ELM and replica 
exchange molecular dynamics simulation for a single adsorbed peptide,36 we believe the 
application of ELM here has identified the lowest PE minimum and probed that part of the PE 
surface connected to it that is likely to have the greatest impact on the dynamics of the system.32 
The latter is in particular supported by Figure 1, which shows that the number of minima 
discovered within 5 kcal/mol of the global minimum plateaus over the course of the PES 
exploration, notwithstanding a sharp spike after about 1,160,000 minima that corresponds to the 
beginning of the DPS phase of the exploration. Of 8,674 minima below the 5 kcal/mol threshold, 
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8,279 were connected to the global minimum by a PE barrier of less than 20 kcal/mol, indicating 
considerable success in identifying paths between low-lying minima. 
 
Figure 1. Variation of the number of minima found within 5 kcal/mol of the global minimum 
over the course of the exploration of the potential energy surface, which is defined in terms of 
the total number of minima found. Inset shows the additional minima found through the DPS 
analysis. 
3.2 STRUCTURES AND ENERGY LANDSCAPES 
Disconnectivity analysis on the database of stationary points resulted in the identification of 
three key conformations, each corresponding to a PE minimum at or near the global minimum 
PE and lower than any other minimum in its neighborhood on the PES. One of these structures is 
the global minimum, denoted as A, while the other two are denoted as B and C. Figure 2 displays 
these structures as viewed from the top (above the surface) and from the side. By inspection, it is 
clear that they are not permutational isomers and hence unrelated to the lack of symmetrization 
of the force field. All three structures share a common motif of the two met-enkephalin 
molecules lying anti-parallel on the surface, with the backbones interacting with one another and 
the Tyr1, Phe4 and Met5 sidechains extending out in opposite directions. A and B are almost 
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identical, with the backbones binding strongly through hydrogen bonds between the N-terminal 
NH3+ group in one molecule and the Gly3 carboxyl group in the other. The only discernible 
difference between A and B occurs in one of the Met5 sidechains (left of the image), which 
adheres to the surface in A but peels upwards in B, interacting with the peptide backbone. C has 
a more distinct structure, with both molecules having arched backbones and the charged N- and 
C-termini all interacting with one another close to the surface. A random sampling of other 
stationary points found by ELM verified that structures lacking the anti-parallel motif observed 
here were discovered, but every such structure possessed a PE more than 20 kcal/mol higher than 
the global minimum. It can be concluded that all conformations reasonably contributing to the 




Figure 2. Global PE minimum structure (A) and the two other key local PE minimum structures 
(B and C) discovered for two zwitterionic met-enkephalin molecules adsorbed at the gas/graphite 
interface. The peptide backbones are represented on the leftmost images by black tubes 
connecting the Cα atoms of each residue. Pink dashed lines on the rightmost images denote 
hydrogen bonds referred to in the text. 
Figure 3 shows these three key structures, along with all the lowest connected stationary 
points, in a disconnectivity graph. A disconnectivity graph represents an underlying energy 
landscape as a connected tree, with termini corresponding to energy minima, and nodes 
corresponding to the energy barrier between any pair of minima.45 Compared to the 
corresponding PES obtained in our previous study of a single met-enkephalin molecule with 
uncharged termini adsorbed at the gas/graphite interface,36 the ‘palm tree’ motifs leading down 
to A, B and C suggests a PES with more defined structures; this is likely to be due to the 
presence of the charged termini in this study. The palm tree motif represents a funnel in the PES 
that energetically drives the conformation towards the minimum PE structure, and multiple such 
funnels indicate competing structures.64 In this case, the regions of the PES containing structures 
A and B are separated by a PE barrier of approximately 10 kcal/mol, while the more distinct 
structure C is separated by a barrier of over 15 kcal/mol. These PE barriers are very sizeable 
given the qualitative similarity of the conformations. As elucidated by the transition paths 
presented and discussed in the next section, it is likely that these high barriers are caused by the 
geometric complexity of the system, which poses a significant energetic challenge to even minor 
transitions. Each of the funnels associated with structures A, B and C possesses four low PE 
minima corresponding to the same structure; these are a consequence of the broken symmetry of 
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the CHARMM force field. The lowest PE minimum corresponding to each structure was chosen 
for transition analysis. 
 
Figure 3. PE disconnectivity graph for two zwitterionic met-enkephalin molecules adsorbed at 
the gas/graphite interface. All minima connected to the global minimum by a maximum PE 
saddle point below U = 20 kcal/mol are shown. The labels A, B and C correspond to the 
structures shown in Figure 2. Minima are colored according to the RMSD of the dihedral angles 
of the central three resides from the global minimum, using the displayed scale. 
The color scale on Figure 3 provides further insight into the structure of the PES. Termini and 
connecting nodes are colored according to the root mean standard deviation of the six central 
backbone dihedral angles (φ2, ψ2, φ3, ψ3, φ4 and ψ4) of both molecules, relative to the global 
minimum. This was chosen as an order parameter in light of past studies, which have shown the 
central three residues of met-enkephalin contribute most significantly to its conformation.65-66 
This order parameter failed to distinguish between structures A and B, which is unsurprising 
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given the only qualitative difference between the two structures occurs in the Met5 sidechain. In 
fact, the variations in color from red to green in both funnels indicate that modest deviations in 
the peptide backbones prove more accessible than movement of the sidechain, which seems to 
play a significant role in stabilizing the conformation. The parameter is more successful in 
distinguishing structure C, and other individual minima and minor funnels that are separated 
from the global minimum by high PE barriers. Other order parameters, such as the RMSD of 
atom positions and the number of peptide-peptide contacts, also failed to separate A from B and 
in some cases could not distinguish between any of the three (results not shown). This 
demonstrates that in systems where peptides and biomolecules are adsorbing in contact with one 
another, properties and functional groups that would not normally be considered when assessing 
the configurational space of a single molecule may become highly relevant, such as the Met5 
sidechain in this case. 
The disconnectivity graphs in Figure 4 display the FES at temperatures of 300 K and 350 K, 
and complement the PES by showing the temperature dependence of the system. At both 
temperatures, structure A remains the global minimum, while B and C remain the only 
significant competing minima. It is notable that although the PE of structure C is lower than that 
of structure B, the reverse is true of their FE at 300 K. This is intuitively due to the effect of 
entropy: as Figure 3 indicates, the region of configurational space corresponding to B contains 
more stationary points than C and is likely larger, permitting a greater degree of movement and 
perturbation within the molecules. The same effect is evident at 350 K, at which point the 
amalgamation of minima connected by rate constants above 109 s-1 causes structures A and B to 
merge. The FE of structure C relative to the global minimum holds steady at approximately 4kBT, 
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while the FE barrier decreases relative to the temperature, indicating, unsurprisingly, that the 
transition between structures A/B and C becomes easier as the temperature is increased. 
 
Figure 4. FE disconnectivity graphs for two zwitterionic met-enkephalin molecules adsorbed at 
the gas/graphite interface at temperatures at: (a) 300 K; and (b) 350 K. All minima connected to 
the global minimum by a maximum PE saddle point below G = 30kBT are shown. The labels A, 
B and C correspond to the structures shown in Figure 2. Minima are colored according to the 
 17 
RMSD of the dihedral angles of the central three resides from the global minimum, using the 
displayed scale. 
Figure 5 displays the heat capacity of the system, calculated as a function of temperature. This 
may be compared with the heat capacity obtained for a single uncharged met-enkephalin 
molecule at a gas/graphite interface.36 Here, the heat capacity curve has one solitary peak, and its 
height, indicated by the scale of the y-axis, is quite small, indicating only a minor variance with 
temperature. This is consistent with the highly structured energy landscape of the two adsorbed 
peptides, as shown in Figure 3 and Figure 4, which contrasts with the rougher landscape of the 
single molecule.36 A point of inflection is observable on the heat capacity curve, at 
approximately 200 K. This could indicate that the curve comprises two overlapping peaks: a 
minor peak at approximately 150 K and a major one at about 300 K. These peaks, intuitively, are 
likely to correspond to the low-energy transition between A and B and the high-energy transition 
between A/B and C, respectively. It is worth noting that the harmonic approximation used in the 
calculation of heat capacities in this work may lead to inaccuracies, particularly at higher 
temperatures.55 However, comparison with simulation methods for computing the heat capacities 
of adsorbed peptides showed that the harmonic approximation was sufficient to replicate the 
qualitative features of the heat capacity curve, despite quantitative errors.36 
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Figure 5. Constant volume heat capacity, as a function of temperature, calculated from the 
stationary point database obtained from ELM. 
3.3 TRANSITION PATHWAYS 
A more complete understanding of the key structures formed by the system is gained by 
considering the energy profile of the MEP between each pair of structures, and the 
conformations formed along this pathway. Figure 6 illustrates the paths between all three pairs of 
structures (A↔B, A↔C and B↔C). It should be noted that the A↔B path is far shorter than the 
other two, which is to be expected given the structures’ similarity. Also, the A↔C and B↔C 
paths share much in common, with both A and B transitioning to a meta-stable intermediate, 
denoted X, from which the full transition to C proceeds. 
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Figure 6. Variation of the PE along the MEPs between structures A, B and C shown in Figure 2, 
including intermediate structures labeled on this graph and displayed in Figure 7. The reference 
PE is that of the global minimum structure, A. The path distance is the minimized Euclidean 
distance between neighboring stationary points, scaled to the path between A and C. Lines 
between stationary points are provided as a guide to the eye only. 
Major structures and intermediates highlighted in Figure 6 are illustrated in Figure 7, in the 
form of a flow chart showing the transitions. In general, these transitions consist of a series of 
structural changes that impact the peptides’ interaction sites with one another and with the 
surface to a significant degree. This is presumably responsible for the high energy barriers 
present at a number of points along the transition paths, and hence the multi-funnel nature of the 
energy landscapes as illustrated in Figure 3 and Figure 4. The primary motif in the A↔B 
transition, and indeed that from B to X as well, is the rotation of the left-hand (as viewed) Met5 
sidechain, between lying flat on the surface and peeling away to interact with the peptide 
backbone. Only in the final stages of the transition from B to X is there significant movement 
elsewhere, with the Gly2 residue on the left-hand molecule twisting parallel to the surface. The 
transition from A to X, meanwhile, involves no change to the sidechain, and a PE barrier 
approximately half that of the A↔B and B↔X transitions. This further supports the hypothesis 




Figure 7. Drawings of transitions between structures A, B and C shown in Figure 2, and 
intermediates highlighted in Figure 6. The main images are zoomed in on the transitioning 
functional groups. Full structures are shown in insets. 
The transition path between X and C takes place in two general stages, each with 
approximately equal PE barriers. Starting from X, firstly, both molecules’ backbones straighten 
and lengthen via the Gly2 residues rotating to arch over the surface, causing the Tyr1 and Phe4 
sidechains to peel away from each other. Meanwhile, the Gly3 residue of the right-hand molecule 
rotates 180 degrees, breaking the hydrogen bond with the N-terminus of the left-hand molecule. 
The combined effect instead brings this N-terminus into closer contact with the C-termini of both 
molecules, resulting in a moderately stable intermediate, XC2. Following this, both the Gly2 and 
Gly3 residues of the left-hand molecules rotate similarly, breaking the other Gly3–N-terminus 
hydrogen bond and instead facilitating interactions between all four termini. At the final step, the 
left-hand Met5 sidechain rotates to lie flat on the surface, forming the final C structure. 
The energy profiles displayed in Figure 6 give a general comparison of the energetic 
favorability of different paths and stages, but quantifying the timescales of the transitions 
requires the calculation of rate constants. Figure 8 displays rate constants for each of the 
reversible transitions between A, B and C as a function of temperature, taking entropic effects 
into consideration. As the energy barrier would suggest, A and B interconvert relatively readily 
at 300 K; at this temperature, the favored transition from B to A possesses a rate constant of 
approximately 107 s-1, corresponding to a mean transition time of 100 ns. Transitions to and from 
C are far slower, requiring times in the millisecond range at 300 K, which is likely to be out of 
reach of most standard MD simulations, and in the microseconds at 450 K. The narrowing gap 
between the forward and backward reactions for A↔B and A↔C with increasing temperature 
 22 
indicate that alternate structures to the global minimum A may be found in greater quantities at 
higher temperature. The B↔C transition does not follow this trend: the rate constants are 
approximately equal at 250 K, and the transition from C to B is favored thereafter; this likely 
arises due to structure B’s entropic favorability overcoming its marginally higher PE with 
increasing temperature. In practice, it can be concluded that, due to the prevalence of A, the 
A↔B and A↔C transitions would dominate at all the surveyed temperatures. It should be noted 
that these rate constants consider only the single most favored path and ignore other less 
significant paths that would nonetheless contribute to the dynamics of the system. 
 
Figure 8. Variation of the rate constants with temperature for the transition paths between 
structures A, B and C as shown in Figure 6. 
4 CONCLUSIONS 
The conformations and energy landscapes of two zwitterionic met-enkephalin molecules at a 
gas/graphite interface were investigated using ELM. It was found that the system favors 
structures where the two peptides lie antiparallel on the surface with the backbones in close 
proximity and interacting through hydrogen bonds. Major conformations are distinguished by the 
orientation of the Met5 sidechains to the surface, and the functional groups to which the N-
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termini hydrogen-bond. Although these constitute only minor structural changes, the geometry of 
the system, involving two molecules in close proximity and the presence of a rigid surface, 
makes transitions between them relatively difficult and complex, occurring up to the millisecond 
range at 300 K in some cases. Both the specific conformations taken by two adsorbed met-
enkephalin molecules, and the ease of transitions between them, differed appreciably from a 
prior study of a single adsorbed met-enkephalin molecule at the gas/graphite interface.36 This has 
significant implications for studies of peptide adsorption: it is evident that results obtained from 
studies of a single adsorbed molecule will be of limited applicability to adsorption in systems 
that are not dilute. 
The present work characterized a system similar to those benchmarked in prior studies.36,67 
Future applications of ELM to multiple adsorbed peptides may consider peptides with 
aggregation properties, such as beta-sheet and helix formers. In general, however, further work is 
needed to validate and improve the applicability of ELM to biomolecule-surface interactions. 
Since the computational feasibility of ELM depends significantly on the number of degrees of 
freedom,32 modeling macromolecules such as proteins and simulating aqueous environments 
using explicit solvent presents difficulties. Efforts are ongoing to produce all-atom force fields 
compatible with liquid/solid interfacial systems29 and reliable coarse-grained models for 
proteins.26 Finally, while the present work investigating the adsorption of two molecules on a 
surface represents a step towards modeling bulk adsorption, greater insights would be achieved 
by considering a larger number of molecules, and the development of a generalized strategy to 
this end would be desirable. 
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